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Scae Promising Early Results fran a Rudimentary
Latent-Trait Theory o¢f Perfa—=ance Rating

Gerald J. Cason ané Carcizm L. Cason
3givetsity of Arkansas “or Hedical Scilences

Ususlly swe must rely upon ~he judgement of human rateIs
to assessy 1.e.y, t0 measure and =valuate, coamplex human
performance ané products. In this context, "measure® means
2 sSystematic procedure which assigns numbers (e.g., scores,
ratings) the valuves of uhich represent hox much of some
attr ibut:z, characteristic, or factoz is present.
“Evaluaiiion” means the determination of mer:t or adequacye.
ke rely upon human Judgement ©0 assess performances as
varied =s (a) conducting a cross—examinatior in a trial
court, {b) diagnosing a patient’s medical problem, and (c)
i1anding = high-performance ajircraft. Also, human Jjudgement
is fundamental to the assessment of such products as (a) an
article submitted for publication, {(b) the prototype of an
implantable mechanical heart, and {(c) the design plans for a
new mousetrap nar orbital shuttlecraft.

The reseatch reported here is concerned with improving
ratings-based measures of human performance. OQOur interest
in the probless zssoclated with ratings arose in the context
of health professions education. Specifically, we were
interested 1in improving the assessment of student
achievement in real or high-fidelity simulated practice
settings, that is, assessment of their clinical performance.
Clinical performance appears to be almost archetypical of
complex performance 1in a complex settinge. He shall
explicitly address only the restricted domain of health
professionals” clinical performance. Nevertheless, the
discussion has direct implications for other areas which
share the conron elements 0f reliance upon rater Judgement
and the assessnent of something that is intrinsically
compleX. )

Bacause the membership of AERA Division I (Professions
Educetion) 1s quite heterogeneous and at the specific
request of tuwo of the reviewers of our paper proposal, ue
first provide & fairly discursive conceptual, intuitive
discussion of factors affecting rating reliability and
validity. The rating process is presented in contrast to
the objective testing process because the fundamentals of
test design and analysis concepts and statistics are fairly
broadly understood in the division. Latent-trait theory 1is

then introduced in 'the same way: first, as it applies to

objectively scored tests; . then,..we present our proposed.
latent-trait theory. of performance rating and a simplified

Paper'presented at the Annuai‘ueeting of the American
Educational‘aesearch Association, Los Angeles, 1981.

Ty . -—

3 :



Cascn and Cason: F=irformance Razincg ' Page 2

sodel of it. Thz balance ¢/ the paper Tr===xts th= =wecific
research objectives, m: 200y me=nlis, Jdiscums=fimmn - and
conclusions fram empirical '=sts of sw rudimentary theorye.
Briefly, we FTownd what w: onsider substzaxtial supomrt for
our proposed sond=1 where iz =3y be appmopriztely appiiede.

_Iroblem

One can get reliable -=mé valid r=tings-kased m=asures
of complex Fuman perforsncs using 2 wery feu well trained
raters or by averaging acrv.: a larger number of less well
trained raters if all of them rated €ll aubjncrs under
controlled circumstances. ¥hat thz current state—-of-T"he-art
does not provide is a us=ful way iz extract reliable, valid
ratings from the kind of dirty aod  Inceozmlete date sets
ordinarily avsilable. Dirty rating data i= produced by lack
of control which permits extraneous factors to influen=e the
ratings gdven. Such things as inadequate rater tr=ining,
poorly validated rating procedures and for=s, variabiiity in
conditions under which performance :ds ©zzsd all tend to
produce dirty data. Incomplete data szts =r= those in which
not all raters rate all subjects.

Any significant steps toward the rascizrtion of this
problem would have immediate beneficial =ffects 1in the
practical evsluation of complex performance in ordinary
settings and - in research in which complex performance is a
variable of intereste. )

Some Factors Affecting Reliability and Validity

No measurement, whether a test score or rating, may be
more valid than it is reliable. Reliability sets an upper
1imit on the potential validity of the measure. Neither
individual itens nor individual raters are perfectly
reliable measurenment iJinstruments iIn. the sense of being
completely accurate, stable, and consistent. In classical
test theory and traditional practice, an 1individual item"s
reliability is measured by either its mean correlation with
al)l other items on the test or 1its correlation with the
total test score. Both of these give essentially the sane
result and are eguivalent to the test 1item”s expected
correlation with another randomly chosen single item from
the same content domain. Depending upon the calculational
procedure used, an individual ‘item reliability may be called
a correlation of some kind or a discrimination index.
Similarly, tte reliability of the ratings given by a single
judge is equal to the expected walue of the correlation
betueen this Jjudge”s ratings and the ratings of ancther

- independent, randomly chosen qualified judgea Two
strategies, separately or in combination, may. Dbe used to
improve the reliability of either a rating or a test score:s
use more or use better.
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Spearman-Brown®s test reliability formula wuwas first
Geveloped to provide an estimate of how much the reliability
¢f a test®s teotal score would be changed by adding or
deleting test items. Remmers, Shock, and Kelly (1927)
¢emonstrated that pooling (i.e., summing or averaging)
r=tings across raters {where all or representative subsets
o raters rate all subjects) had the same effect as pooling
the item SCOores on an objective test. This mweans
Spearman—-Broen“s formula is equally applicable to both itens
on tests and ratings provided by independent raters. Figure
1 depicts the relationship defined oy Spearman—-Brown°‘s
formula betueen the reliability of the total score,
Feliability of individual item scores or ratings, and the
total number of independeni items or ratings pooled (i.e..,
Sugmed Or averaged) together.

FIGURE 1. RELIABILITY AS FUNCTION OF OBSERVATIONS:
ITEMS OR RATINGS

9.9

.8

0.7

B.6.

6.5 |

D S=—"AHTHO> ™MD

'D.4

2.3 _

8.2 |

1 T T 1 1 | AN S N |
B 2 4 6 8 1@ 12 14 (6 18 20

NUMBER OF INDEPENDENT OBSERVATIONS

Under oréinary "real world® circumstances most ratings
are- obtained where many or all of the following conditiens
prevail: (a) raters have had no systematic training in
rating based upon the use of standard stimuli and corrective
feedback; (b) raters . receive no or 1little information
regarding hoew other raters rate +the same subject under
eguivalent c1rcunstances, {c) the scales used are vaguely

-\ -
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defined as are the meanings of the individual point values
or scale categories; {d) different raters do not observe the
same performance under the same conditions; (e) not all
subjects are rated by ail raters, frequently none of the
sublects are rated by all raters; {f) not all raters rate
all subjects, frequently no rater rates 3all subjects; ard
(g) subsets of raters are not representative of the rater
pool. 0On the basis of empirical evidence, Symonds (193I)
concluded that under these kinds of ordinary circumstances
the correlation between independent pairs of raters (l.ca,
the reliability of & single rater) is typically around
r=0.55. The tegion betuecen the upper two lines in Figure 1
approximates the reliability of pooled ratings as a function
of . the number of independent ratings under typical
conditions (assusing all or representative subsets of raters
rate each subject). Clearly one way to improve the overall
reliability of either.a rating or a tes? score is to base it
upon more ratings or test items.

Alternatively, the reliability of each individual test
item or rating wmay be improved. In testing practice, this
is accomplished by selecting only those individual items
which have had reliabilities above a specified value when
used in earlier administrations of the test. Nunnally
(1967) suggests a wminimum 1individual item reliability of
between r=0.10 and r=0.20. When this rule is wused on the
typical <classroom objective test, the mean individual item
reliability generally falls betueen r=0.20 and r=0.30. The
lower two curves in Figure 1 define the region of expected
total test score reliability. as 3 function of (a) typical
average item vreliability and (b) the number of preselected
items the test contains. Selecting the most reliable raters
may . occasionally be helnful; but, undey typical
circumstances more 1s gained froer pooling across all
available rating data rather than discarding the least
reiiable and pooling the remainder.

Efforts to improve the reliability of individual rater
judgements (and thereby the reliability of the individual
rater) are generally directed towards eliminating the
conditions (described above) under which ratings tend to be
made in real world settingse. Frequently, they rely upon
technigqgues such as improving the precision of the
definitions of the attribute to be rated and values on the
scal e. Often this 1is implemented in the form of a
behaviorally anchored rating {BAR) scale (Smith and Kendall,
1963; Landy and Barnes, 1979). However, when BAR scales are
used in otheruise typical rating circumstances there 1is a

dearth of data indicating any inprovement over non-BAR

scales. For example, Davidge, Davis, and Hull (1980; also

in Dielman, Hull, and Davis, 1980) report full scale

interrater reliabilties for individual house officers
{residents) of r=0.61 and for individual attending (faculty)

s
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physicians of r=0.41. D=vidge, =t al.’s results are for the
use o0f a very carefuily desicned BAR scale for measuring
medical students® =iinicsl perfarmance. The reliabilities
straddle Symond®s (1931) waluz for reliabilities obtained
under typical (non—BARS) rating camditions. He obtained a
mean interrater =T=liabili*y for an individual rater of
r=0.50 across zttendings and r=siiZ=nts at two training sites
who wused a4 mnon-EiAR scakz invenzcry to rate the clinical
pecformance of Jumior yez= w@mediczi students (Cason and
Casons, 1979)a In the same waper (C=son and Cason, 1979), ue
concliuded that in most of the published literature on rating
health care profes=sionals” .clinical performance, the single
factor most influencing the reported reliability of the
total rating was the mamiber of 1ndependent raters across
vhom it was sumnmed or avezTazed.

A BAR scale used in xmmjunction with rigorous rater
training can iEprove  raiter reliability over the value of
£=0.55 reported by Symonds (1931) for typical rating
circumstances. Stillman ((1980) has achieved interrater
reliabilities of r=0.85 =xé€ intra-rater reliabilities of
r=0.90. Stiilman obtzigw=d these results using the
behaviorally anchored, ‘empirically validated " Arizona
Clinical Interview Ratimy Scale in conjunction with rater
training. The rater training was based upen use of standard
stimuli (video tapes of irtterviews) and informative feedback
to the rater. The program has proved successful in training
raters belonging to three distinct groups: physiclans,
nurse practitioners, and “programmed patients". Stillman’s
results are directly attributable to her program®s success
in eliminating many of the conditions found 1in typical
rating settings. ~ fKhile there are obvious. practical
obstacles to emulating Stillman”s approach, her results
provide a gocd benchmark for what can be accomplished {at
least inp some settings) when sufficient 1nterest, skill, and
resources are avallablee.

It has long been acknouledged in both the felklore and
research literature relating to rating that raters may vary:
in their general tendency to be stringent or lenient. This
variation can affect reliability. Ebel! (1951) has suggested
two ways of applying Snedecor”’s (1946) {intraclass)
reliability formula depending on whether variations in rater
leniency coulé affect the stability of subject®s .mean
(across raters) ratings. The first method applies when all
raters rate all subjects. When there is variation in rater
leniency, the first method yields a higher value than does
the second nmrethod. This first wmethod ignores any
differences betueen the means of ratings given by different

- raters in the same way as does an ordinary (Pearson
product-moment) correlation coefficient. For example, if
‘rater A assigned ' :

Yy . -
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2, 6, 5, 3, £
to fiw: Subjects in succession, and rater B assigned
Ss 9 2, 6, 7

to the same five subi:z=cts =—ated in the same order, the
correl=tion Dhetween -z Tstings is r=1.060. VYet, rater B is
systesatically more Izmniscat than rater 4. Shen &1l (or
representative subsetss of’} raters rate all subjects there is
no systematic effec :f rater 1leniency on individual
subject®s mean ratInyi-. By contrast, uhen subjects are
rated by different (mc:i~: :presentative) subsets of raters,
the =mean of the oh=mrmel tatings on each.subject is a less
accurate measure of =he = :hject’s performance because sonme
subjects are rated by .: more lenient grcup of raters than
are other subject=. Th=2 second methoZ for estimating
interrater reliability =iggested by Ebel, tnlike an ordinary
correlation coeffici=nt, —iakes into account differences in
rater leniency © and ~hus yields a smaller and more
appropriate reliabil3ity value. '

There 1s no s=zhortz=ge o0f evidence that different
categories of hea:h professionals vary in their leniency
when called upon te —ate the same performance under ordinary
{i.e., poorly contcolled) conditions. For example, ratings
of -Jupior medical stwmdents by residents (house staff) have
been consistently and w=idely reported to be more lenient
than are those gizen by faculty (attending) physicians
(Printen, Chappell, and Whitrey, 1973; G°ponohue and Wergin,
1978; Pierlioni, Clark, and Dudding, 19797 Cason and Cason,
1979; Dielman, Hull, and Davis, 1980). The same studies
also indicate the presence of variation in the leniency of
raters In the same category. y

_ Exemplary programs such as Stillman“s can sometimes
reduce variations in rater leniency to the point uwhere it is
no longer of practical importance as a source of inaccuracy.
in ratings (Stillman, Broun, Redfield, and Sabers, 1977;
Sabers, 19812 personal communication). Nevertheless, ushen
Meskauskas eand Morcini (1980) discuss the problem of
variability in rater leniency, in both standards setting and
rating performance, they suggest the need to go beyond the
things found in programs such as Stillman“s. Meskauskas and
Norcini suggest - that in both standards setting and
performance rating judges® ratings should be "handicapped"
{i.e., corrected or adjusted) for variation in the judges”
leniency by aprpPlying methods presented by Stanley (1961).
Meskauskas and Norcini appear to be impliying that it is at
least difficult if not impossible to reduce rater leniency.
variation belou the level of practical concern entirely
through the use of BAR scales in conjunction with rater
tralining. '
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Stanley”s (1961) methods allow one to both determine
the extent of variation 1in rater 1eniency and develagr
correction  formulas for each ratera Stanley’s
analyris-of—-variance related = procedures allou the
deterpination of the s:&parate contribution of rater leniency
and subject performance to the variation in the observed
rating data. Houwever, Staniasy“s procedures may be applied
only wuwhen all raters have rated all subjects, i.e., to datza
sets with no nissing data. 3But, as Stanley points out (anct
as was implied above in discussing Ebel“’s procedures) if all
raters have rated all subjects, there 1is no need for
adjusting the ratings. ¥hen all raters have rated aill
subjects, the zean or sum of the raw ratings on any subject
is as wvalid and relifable as can be produced by any
adjustment for rater leniency. Although correction formulas

for raters developed at one time (when all raters rated all

subjects) might be used later wmhen subjects uwere rated &Ly
only (potentially non-representative) subsets of raterz,
this would be édefensible only after it had been demonstrat=d
that individual -raters” relative leniency remained stabie
over time. :

In summary, if cne desires to obtain a highly reliabkle
and valid assessment of a complex human performance baszd
upon ratings fron human ~ Jjudges, the current
state-of-the—-art, as suggested in the literature revieused

above, indicates that a model assessment program - would
include: (a) carefully +trained raters; (b) empicrically.

validated, behaviocrally anchored scales; (e¢) controlled,
uniform conditions under which performance is observed and
rated; (d) multiple raters for each subject; (e) all ratecs
(or representative subsets of raters) rate all subjects; and
{f) use of the mean rating (across raters) obtained by a
subject as thle best available measure of the subject”s true
performance. In actual settings most of these conditions
are hard to satisfy. BHaving more raters per subject (d) can
be used to offset shortcomings in conditions "a" through "c"
but cnly it condition Me® is satisfied. Otheruise
variations in rater leniency will lower the reliability and
validity of the ocutcome. However in practice, condition "e"
is frequently not satisfied.

Although the theory we set forth below was hneither
derived fron nor motivated by the applications of
latent~-trait theory. to objective testing, we have
discovered, uith the benefit of hindsight, that our theoxgy
is most easily grasped by Someone already familiar with the

. gene ral schena of latent-trait theory as applied to
objective testing. Consonant with the expository strategy

used above, we have chosen to begin uwith the more familiar
ground of testing, then go on to our theory of performance
rating. ' : '

9.
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- Gi1fford, 1978) proposes to

Performance Ratinag

Latent-Tr=i= Theory

Latent—~-trait test score ‘ilieory (Lord, 19523 1953;
Baker, 1977; Hambleton, Swaminathan, Cook, Eignor, and
accnant for the score on an
individual test item of @=n Individual person.
theory“s simplest form, the Drobzbility that the person will
ansdver an item correctly is determined by tuo facters: the
person’s true abfility and the item”s Adintrinsic difficultye.
Item diffjculty and persom =ability. are both assumed to
refiect the operation of some underlying (i.e., not directly
observable, therefore latent) trait, attribute, or factor;
for exanple, the attribute of knowledge. A person uwith much
knowledge  would be located high on the latent knoumledge
scale. Similarly, an item requiring great knowledge to be
correctly anssered. would be located high on the knouledge
scale. " The probability that a person of a given ability
will correctly answer an item of a given difficulty is
defined by an *"s-3haped™ item characteristic curve. Figure
2 gives hypothetical characteristic curves for items A and
Be By convention, iter A is said to have difficulty K or to

Figure 2. Characteristic Curves

T T S — — m ————

Moo~ O

M e e e S o e e o =

K
Ability
be located at point K on the latent scale. 4 person with

ability K (l.e., located at point K) has a 0,50 probability
of correctly answering 1item A. The 1item characteristic
("s-shaped”) curve defines the exact relationship between a
person®s ability (at amy point on the latent scale) and that
person”’s probabiiity of correctly ansuering that item.
Consider Figure 2: a person.of ab’ility. K has a near zero

......

16

In the
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probability of ansvering itez B. Hhile a person with
ability L has near a 1.0 probability of answering ‘item A
correctly, this person®s probability of answering item B
correctly is only 0.50.

. Probably the greatest number of latent-trait theory
applications have been - based upon the Rasch "~ (1966)
measurement model. This may be largely attributed +to the
work. of Ben WKright and his colleagues (&right, 1968; kright
and Stone, 19797 Mead, Wright, and Bell, 1979) such as their
development of techniques, including computer programs,
which make Rasch analysis easier; as well as, their zealous
advocacy of FKasch measurement techniques. The defining
characteristics of the Rasch model are (a) only one
parameter, Jocation on the 1latent-tralt, 1is wused to
characterize each person or item; and, (b) the Y“s-shaped”
item characteristic curve is operationally defined by the
logistic function. Other models of latent-trait test theory
include additional factors (e€.ge., 1item discrimination, a
guessing factor, and so forth) in their characterization of
test items and people and/or define the characteristic curve
using a different mathematical function, .e.9g., the normal
ogive.

Irrespective of what particular model of 1latent—-trait
theory  is used, the usefulness of the model rests upon the
(testable) assumption of parameter invariance. IN contrast
to conventional test item statistics (e.g., difficulty index
and discrimination index) and noran-referenced test scores,
the parameter values for item difficulty and person ability.
are independent of the context of both the particular group
of people who took the test and the particular set of itenms
in the test. 7This may. be most clearly explained by analogy.
to the physical measurement of temperature in the days when
chemists {or alclemists) made their oun thermometerse.

In Figure 3, the horizontal lines Til, T2, and T3 are
thermometerse. The letters ™A® through "0" represent
specific observed melting and boiling oints for varicus
naterials, ee<ge., 2lcohol, water, paraffin, lead, and so

. forth. Note that I1 and T2 share points "B"™ and “D". = 712
and T3 share points YI% and "M". But T1 and T3 share no
observed points in comrone No matter how the individuzl
thermometers Wwere originally graduated or where their
arbitrary zero points were placed, the relative positions
(ordering)  &nd distances betuween observed melting -and
boiling points would Temain the same. Thus, the
observations “that are in comrmon to twWo thernometers can be
used.. to calibrate the .measuremenis on one thermometer
agalnst the other. ~ Because Tl and T3 are linked through
common observed points on T2, the information on all these
instruments can be placed on a single temperature scale
‘running from %A% to “Q". The location (parameter) of 'a

11
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melting point of one material is iInvariant with respect to
the relative locations (ordering snd distances) of other
melting points.

Figure 3., Invariance of Parameter Locations:
Ordering and Relative Inter-point Distances

Latent Attribute

Latent-trait analysis of the responses of a group of
people to a group of items on 2 test produces estimates of
their locations (i.e., true ability of persons, Iintrinsic
difficulty of items) on an underlying trait. Figure 3 can
be used to represent different cbjective tests (fi.e., Ti,
T2, and T3) with the letters being either items or people or
both. When this 1is done, one can make very concrete
predictions about a person®s performance on items to which
that person has not previocusiy responded. Also, the results
of a test composed of any combination of the items whose
locations are represented by the letters ™A™ through "0"
could be translated into equivalent scores for tests T1l, T2,
and 13 because all the items can be calibrated against each
other. This 1is all possible because, like melting points,

“the location (difficulty) of items on the latent trait are

invariant with respect .to their ordering and inter-item
distances. Likewise, relative positions cf person abilities
are invariant with respect toc other persons® abilities and
item locations. By contrast, conventional item statistics
reflect only the relationship betwéen a particular group of

- examinees (or a similar group) and the particular 1items on
the test. For example, an item®s difficulty index.{(unlike

the item”s intrinsic difficulty) simply indicates the
proportion of examinees that correctly anssered it, or.would
be expected to correctly answer it in a comparable group of
examineese. The conventional item discrisination index is
similarly- limited ‘in meaning- and -usefulness. Par ameter
invariance is the <characteristic of latent-trait nmodels
which make them uniguely useful. :

Page 10
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Not surprisingly, wmany Rasch applications are designed
to capitalize upon parameter 1invariance to generate
eguivalent tests compesed of different items or equate the
results c¢f one test uith another having overlapping items.
fhis is clearly i1llustrated by Anderson, Baker, Laguna, aud
Laguna®s (1980) use of the Rasch model to obtain comparable
test scores based on overiapping but not identical sets of
test items in Nemwrology clerkship eraminations. Anderson et
ale”s work iIs exceptional in that it involved an applicaticn
nf the Rasch model to classroom level data sets cuntaining
ohly 7 to 10 stulents per exame More commor.ly, Rasch
techniques are spgplied when the number of persons who have
responded to the itews is 200 or more. The wuncertainty
(measurement error) associated with an item®s difficulty.
tends to be much bigger than thuat associzted with a melting
point. In practical work it is not unusual for a small
percent of the items in a given test to not fit the Rasch
model. These zre identified and discarded sc¢ that they do
not  advevrsely affect the estimation of the intrinsic
difficulties of the remaining items. ‘

. Anderson et ale cite several Rasch applications in
heal th professions education including: a pharmacy
externship (Suith and Kiter, 1980), analysis of the Medical
College Admission Test sub—-part scores (Cromier,1i977), and
analyses of tests of the National Board of Medical Examiners
{Hughes, 19793 Kreines and Mead, 1979}. Schumaker (1979)
applied the Razsch model to the problems of equating medical
" examinationse. Harasym (1981) wused Rasch technigues in
comparing Nedelsky“s (1954) and a modified form of Angoff-°s
(1971) procedures for setting passing standards for
objective tests. :

OQur Rudimentary Theory of Performance Kating

We propose that the rating obtained by a subject 1is a
function of the subject’s achievement and the rater-’s
leniency and sensitivity. Neither achievement nor leniency
is directly observable; but, each underlies and partially
accounts for observable behavior. ‘Subject achievement

. accounts for subject performance only in part. Factors such
as 1llness, 3inappropriate working conditions, acticn or
inaction of others (e.g9., a hostile co-worker or examiner)
can. 2ither improve or reduce the quality of the observed
performance regardless of the subject®s true level of
achievemente. Similarly, the rater’s leniency and
sensitivity zccoaunt in part for the ratings given but the

~ratings also reflect the performance that was observed and
rated.

Both rater leniency and subject achievement are

measured. upon a scale of the same latent trait, factor or
attribute. SGoenezically, this underlying trait is called an
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ability and could be any skill, competency, or disposition,
whzther innate or acquired. Leniency 2nd achievement may
cach be represented by points-on this ability scale. These
points are called the rater reference point (RRP) and the

~subject achievement point (SAP) respectively.

, The rater reference point (RRF) is used by the rater as
an implicit = standard for judging the perceived performance
of the subject. The location of the rater reference point
(RRP) 'embodies the rater®s prior knowledge, understanding,
and belfefs regarding (a) fundamental, idzal standards
relevant to . the trait at 1issue; (b) the subject (person)
whose performance or product is to be rated; (c) the task or
activity to be perforred by the subject; (d) the constraints
imposed by the setting upon either or both the rater and
subject; (e) where problem solving (broeadly construed) is
involyved in the subject®s task, the intrinsic difficulty of
the problems and, (f) related factors. The rater reference

- point may be viewed as arising from an adjustment the rater

makes: to . some . implicit, fundamental standard. The
fundamental standard is appropriate only to an ideal set of
rating circuwsiances, - i.e., conditions under which nothing
but the standard and the performance need be considered in
determining the  ratinge The rater reference point. (RRP)
results from the rater®s effort to. take all the
discrepancies between an 1ideal setting and the actuzal one
into account prior to assessing the subject®s perfornmance.
The rater reference point (RRP) embodies a3ll factors which
systematically influence the rating assigned except the
subject®s performancs and effects .related to the rater“s
resolving pouwer and sensitivity.

Implicitly, the rater perceives the subject’s
performance as 'a deviation on the relevant ability scale
from the rater®s RRP. The size and direction- (above or
belnw the RRP) directly equals the distance from RRP to the

subject achievement point (5iP) on the ability scale, as-

judged by this rater. The rating assigned is a function of
the difference between RRP and SiP.

The rater’s resolving power, i.e., the precision of the
rater”’s Jjudgements as embodied in the assigned ratings, is
yreatest when the difference between RRP and SAP is minimuun.
Resolving power diminishes in an accelerated manner as the
difference between RRP and SAP increases. Generally, small
differences in value for SAP°s near the RRP result in
substantially different assigned ratings. As distance from
the RRP increases, larger and larger differences between two
SAP°s must be 'present for - there to be an appreciable
difference in. the corresponding assigned ratings. These
relationships are analoagous but not eguivalent to those of
visual resolving power.. . Objects close to the observer need
not be separated from each other by very much to be seen as

14
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distinctly not at the.same distance. 2ut as distance from
the observer increases, the distance between objects - must
increase 1if they are to be recognized as being at different
distances from __the . observer. Because resolving power
diminishes 1n an accelerated manner as distance from RRP to
SAP increasesy, the rater characteristic curve (RCC), which
specifies the rating assigned as a function of the

difference betsueen RRP and SAP, is one of a family of

smooth, continuous, "s~shaped® curves. (A member of this
family of curves is commenly called an ogive, ee.ge, the
normal ogive.)

Some rater®s have greater sensitivity than do other
raters.e Variation in sensitivity betueen raters is defined
by differences in the rate of acceleration in change of
resolving pouwer. Houwever, rater sensitivity.is somewhat
more easlly grasped intuitively in terns of the difference
in subject achievement associated with a given pair of
ratings, for example 103 (of possible points) and 90%. A
highly sensitive rater would give these ratings when there
Wwas a relatively small difference in tuo subject s
achievenment. A less sensitive rater would give these
ratings when there was a relatively much 1larger difference
in the achievement of the two subjects. The limit of
hypersensitivity is characterized by a rater that gives only
minimum or - maximum ratings. Any SAP less than the
hypersensitive rater”s RRP recelves a rating of 0%; any SAP
equal to or above this rater’s RRP receives a rating of
i00%. Graphically, the hypersensitive rater®s
characteristic curve (KCC) is no longer a continuous, smooth
curve. It has become two horizontal lines, one at 0%

- extending down the ability scale from the RRP; the other at

700% extending from: the RRP wup the ability scale. By

.ontrast, the limit of hypo-sensitivity is characterized by

a rater who assigns all SAP°s the same value as if they were

. ne dififerent from this rater®s RRP. Graphically, the
o hyro-sensitive rater“s characteristic curve has become a
" horizontal 1line - extending indefinitely  in each direztion

from the RRP parallel to the ability scale at the rating

leveél associated with this rater®s RRP.

: Ihévmeaﬁute of'tater.sensitivity is: the slope of - the
RCC - at the point on:the RCC directly above the RRP on the

~ability scale. The hyrersensitive limit is defined by the

value of the slope having become indefinitely. large. The
hypo-sensitive limit is defined by a RCC slope of zero.
Neither 1limit occurs in practice, though they may be
approached. ' .

The theory of performance rating proposed above may be

understood by analogy to latent-trait test theory. Instead
of locating test items and examinees (peisons), the proposed

theory 1locates raters (persons) and subj)ects (persons or
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products) on an underlying trait. Item difficulty is
replaced Dby rater leniency; probability of answering
correctly 1s replaced by rating peoints assigned; and item
discrimination by rater sensitivity. Reconsidering Figure
2, A and B are rater characteristic curves (RCC). Rater A
has a 1leniency of K {i.2., rater A°s RRP is located at K).
Rater B has a leniency ¢f L.. A subject with an achievement

point (SAP) located at L would receive.a rating of 50% from

rater B; and, a rating of near 1003% from rater R.

- As proposed, our theory is only rudimentary. ¥any
things potentially characterizable as separate factors have
been subsumed into the construct of rater leniency.. For
example, "cases®, "problems”, and ¥"settings" {(i.e., things
with which the subject must contend) might be zepresented as

a separate comstruct. Then we mlght be able to separate the .
components of rater leniency reqarding the rater’s.
estimation of ‘task dewands from the rater®s leniency in

assigning ratings when task demands  d¢ not Jnfluence the

location  of the rater®s RRP. An analog to the "guessing
paramefer“ scpetimes used in latent—-trait test theory mnight

be the presumption of a “minimum existing competence" This

would function to limit the minimum rating rater would:

assign regardless of how poor the observed performance Was.
Elaborations such as these hardly seemed Justified to us
until some enmpirical tests of the more rudlmentaty version
had been completed.

Simplifying Assumptions

To facilitate our initial empirical investigations ue
imposed  the following simplifying assumptions wupon the
rudinmentary theoty presented aboves

1. All raters bhave equal sensitivity. Under this
condition the slope of the rater characteristic curve 1is no
longer a measure of rater sensitivity; not even mean rater
sensitivity. Any = convenient unit (graduation) of
measurement may be chosen for the ability scale. Even
though a different size unit produces a different value for

the slope, this does not 1imply a change in sensitivity

because the relative  distances among raters and subjects
remain constant. Khen egual sensitivity is assumed,
sensitivity becomes perfectly confounded with leniency and

2. The rater characteristic curve evaluates the
dlfference betueen a rater reference point (RRP) and subject
achieverent point (SAP) as the percent (%) of possible
rating points.

3. The rater reference point (RRP) for any rater is
1ocated under that rater®s characteristic curve (RCC) on.the
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ability scale at that point which evaluates to a rating of
50%. This appears to represent a potentially large and
strongly counter-intuitive departure from the construct of
the RRP as presented in the proposed theory. Intuitively it
might seem that in typical rating circumstances a rater°‘s
reference point would be near some traditionally significant
value, €-9., 75%. This arises in part from considering the
RRP. as 1f it were equivalent to the obstensible, conscious
standards in ccmion use. A careful examination of the
definition of the RRP given above suggests that its '
relationship to such conscious standards may be very remote
and complex. At any ratey, we Jjudged that the gains in
mathematical and conceptual tractability had from imposing
this assumption justified its use, at least during our
initial empirical investigations.

Our Sinplified Performance Hating Model

¥ore formally, we propose that the ability scale upon
which rater reference points (RRP) and subject achievement
points (SAP) are located i1is an equal interval scale of
arbitrary gracuation (unit) and arbitrary origin (zero
point). For the purposes of this research, we operationally
define the rater characteristic curve (RCC) as the product
of an arblitrary positive, constant scaling factor (SF) and
the curulative wunit-normal deviate ogive. The scaling
factor is abitrarily set egual to 100. The difference
between ‘a rater reference point (RRP) and subject
achievement peint (SAP) divided by the scaling factor (SF)
gives an ability scale deviation value (z}:

Formuia 1
z=(SAP ~ RRP)/SF

The proportion of possible rating points assigned for a
given wvalue of 2z is equal to the total proportion of area
undeyr ‘the wunit-noxrmal curve below 2z, that is p(z).
Multiplying the proportion p(z) by 100 gives the expected
subject rating (ESR) in percent units:

~ Formula 2 . | ~
ESR—p(z) * 100
The relationsh1p betueen the expected subject rating (ESR)

and the discrepancy between RRP and SAP is depicted
graphically in Figure 4.
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Figure 4« Expected Rating as a Function of
Distance PBetween RRP and SAP
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DISTANCE FROM PATER POINT TO SUBJECT POINT

There may be varlation in the rater®s perception,
knowledge, judgemeht, and so forth. Therefore, the observed
subject rating (GSR) may contain error: ' '

-

" Formula 3
05R=38R+etror

In Hambleton, Swaminathan, Cook, Eignor, and Gifford’s
(1978) terms, our model is somewhere between Lord“s (1952;
1953) two parameter normal ogive model and Rasch“s (1966)
one parameter logistic model. Conceptually it is somewhat
closer t0o Rasch”s model, although it uses the -normal ogive
as does LoOré°s. -It was not until our model was developed
essentially to the level presented above that we somewxhat
belatedly recognized some of its conceptual and formal
relationships to Rasch’s and Lord‘s objective test
measurement models. :
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Objectives

The objectives of the research reported here were to
determine the extent to which a normal-ogive model of a
proposed latent—-trait theory of performance rating: (a) fit
data of a type common to health professions education, i.ee.,
dirty and inconplete ratings of clinical performance; (b)
clarified ané quantified the separate contribution of (1)
all rater characteristics as embodied 1in the single

‘theoretical construct of leniency and (2) the coastruct of

the subject’s uncderlying (i.e., latent) true achievement to
the observed dirty and incomplete ratings; and, (c) appears
to provide a tasis for generating more reliable and wvalid
measures of performance than the mean of the observed
ratings on a subject when the rating data is not onily dirty
and - ‘incomplete but. the subsets  of raters are
unrepresentative of the whole relevant rater pool.

Method

Data Source. Data analyzed were samples of convenience
available fror a project whose objective was to develop a
machine based system for processing clinical performance
data. As part of that project, a prototype machine readable
(optically scarned) form was used experimentally (Cason and
Cason, 1979). Data collected on this experimental form were
analyzed here.

Subjects and Cohorts. The subjects upon whom rating
data w<re available were third year medical students
enrolled in a medicine clerkship, 1i.e., a clinically
oriented course in internal medicine. Data were available
from the third and fourth cohorts (i.e., groups of students
concurrently taking the course) in academic year 1978-79 and
the second cotort in 1979-80. The third cohort took the
course during - the winter months; the fourth during the

- spring; and, the_second during the fall. Table 2 gives the
‘number of students in each cohort.

Clerkship and Setting. The medicine clerkship was 12
weeks long uwith s1x weeks spent at each of two training
sttes: . University Hospital and Little Rock _ Veterans

‘Administration Hospital.: In the wards, instruction was
‘entirely tutcrial and small group based. Faculty attending-

physicians and residents each had a small number of (usually
at least two but less than six) medical students randomly

‘assigned to them for instruction. Restdents tended to have

more contact with students than did the facuity.

Rating Instrument. The machine processable form

‘contained a 33 item clinical performance rating inventory.
The - iteas were divided into seven non~-cverlapping

categories. Raters could assign a rating value of from L to

13
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S to each item e¢r indicate that it was either not observed
or uwWas not apnlicable. Rating wvalues were defined in
explicitly norm-referenced teras rather - than being
behaviorally anchored. For example, a rating of "4" ugas
defined as %A little better than the typical student in the
typical class (i.e., would be-in the top 25% but below the
top 103)", Appendix A contains a facsimile of the forme
For scores on the full inventory (i.e., mean of valid

‘ratings to all items), previous research (Cason and Cason,

1979) 1indicated a mean interrater correlation of r=0.50;
ranging from a high of r=0.71 betueen residents and faculty
at the same training site to a low of r=0.23 for ratings
given by residents at one site and faculty at another.
Paters and Rating Procedures. The raters were the
faculty attending physicians and residents. who trained the
medical students. Most students were rated'by two attending
physicians and one resident at University Hospital and by
one attending and one resident at the - VA Hospital (mode=5
ratings/student). Raters received a 20 minute oreal
explanation of tike proper use of the rating form (from G.
Cason) and =z written memorandum restating the details. No

‘other rater training was used. At the .conclusion of the six

weeks students spent at a tralning site, raters completed a
form on each student with whom they had contact. Raters
entered only rating data. The various identification data
grids were completed by a departmental clerk. After the
forms were optically scanned and an electronic (computer
disk file) copy made, they were placed in the respective
students” -permanent files. The number of raters for each

cohort is given in Table 2. The number of raters

overlapping cohorts (i.e., ratxng students in more than one
cchort) 1s given in Table 3. .

Dependent Measure. The dependent measure of clincisl
performance wuwas operationally defined as the mean valid
rating across al] items in the - inventory, rated by one
rater, expresse¢ 1in percent form. A valid rating was any
rating of 1 through 5. Blanks, nmultiple marks, not
applicable and not rated were non-validé ratings. Although
the 1inventory <contained 1items of both the affective,
interpersonal skills type and the cognitive, technical,
problem solving type wuhich prior rtesearch (e.ge., Davis,
Hull, Dpavidge, and pielman, 1979) indicated belong to
statistically independent (orthogonal) factors, the 'global

" trait represented by the mean across all .items, i.e.,

overall achievement in <clinical performance, was chosen.
This was done  because (a) with missing data at the item
lével, unbiased estimates of the separate factor scores
could not be obtained with any certainity; (b) extracting
factor scores (by factor analysis) is a scaling procedure
which results in "cleaner" scores, thus results of further
analyses based wupon  these factor scores might be

s
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contaminated by and attributed to the effects of the factor
analysis; (c) the only available unbiased measure of both
student performance and rater judgement was the mean of the
valid ratings across all items on the inventory.

Estimation of RRP“°s and SAP°s. Program ¥ERLIN (Cason,
1980) was used in conjunction with subroutine STEPIT
{Chandler, 1965) to obtain least-squares estimates of the
rater reference points (RRP) and subject achievement points
(SAP). Briefly, MERLIN operates as follows. An observed
data table with cne row per subject and one column per rater
is input. All observed subject ratings (OSR) are contained
in this data table. A set or "best guesses" for the RRP’s
and SAP°s are input. 1In actual practice, we started with
very bad guesses:, all RRP°s and all SAP’s equal to 500.
The program uses these starting guesses for the SAP’s .- and
RRP*s and the function depicted in Figure 4 to calculate an
expected subject rating (ESR) for every cell in an expected
data table. Then, the discrepancy between each value in the
observed data table and its corresponding value 1in the
expected data table is found and squared. ¥hen all the
squared values are summed, the result is the erraor
sum-o0f-squares (ESSQ) for the fit between the predicted
ratings generated from the current set of Mguesses" for the
SAP°s and RRP°s znd those ratings actually observed. STEPIT
is used to successively alter (i.e., step) the guesses for /
the parameters and evaluate the inmpact on the resulting fite.
-‘When changes to the "parameter values no longer produce
appreciable improvement in the fit (reduction in the
error-sum~-of~-squares) between the observed and predicted,
MERLIN outputs a series of reports. These reports include
the least-squares estimates of the RRP’s and SAP°’s, the
complete table of predicted ratings, measures of final fit
(r and ESSQ), results of an F-test between the proposed
model and the null hypothesis, and so forth. This process
requires that one parameter be fixed (d.e., held at a
constant value throughout the estimation process) to anchor
the scale. A senior faculty member who rated at least 6
students in each of the cohorts was used for this. This
rater®s RRP was held fixed ar S500.

MERLIN was run on a Digital Equipment Corporation
System 10 (DEC-10). Farameter estimates were determined on
each cohort”s data separatelye Central processing unit
(CPU) time required to find least-squares estimates was as
follows: Cohort 1978~79:3 with 75 free parameters to be
estimated reguired 82 mihutes of CPU time; Cohort 1976-79:4
with 47 free parameters required 29 CPU minutes} Cohort
1979-80:2 with 63 free parameters required 36 CPU minutess

Q1
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Results

Fit was ¢etermined ior-four models on each cohort°‘s
data separately. Thuas, 2ach cohort represented an
independent replication.

Model A sas the model proposed above with one free
(RRP) parameter per rater (except for one which was fixed at
500 to anchor the scale) and one free (SAP) parameter per
student. Model A permitted, but did not require that, both
rater leniency and subject achievement <contributed to the’
fit between the predicted and observed ratings. If there
were no appreciable differences in raters® leniency, the
least-squares values of the RRP’s found by MERLIN would all
be near the sazme value (i.e., 500). Similarly, if thets
were. no - appreciable differences in students”® achievenment,
the least-squares values for -all the SAP’s found by MERLIN
would be near the same value. Table 1 prcvides descriptive
statistics (means and standard deviations) for the estimated
values of Model A®s RRP’s, SAP°s, as uell as observed
ratings for each cohort. Means for each of these variables
were quite similar across all three cohorts. Model A uwas
the most general model considered. Models B and C were
deriveu by imposing restrictions upon Model A.

Tabie 1

seans and Standard Deviations (SD) for RRP°s, SAP’s, and
Ratings Based upon the Full Data Set

RRP ~ SAP Observed Ratings
Cohort Mean SD Mean .SD : Mean 5D
78-=79:3  485.50 38.17 558.03 37.72 73.49 11.75
78-79:4 476.60 37.64 549,48 23.99 74,19  8.16
79-80:2  486.49 21.17 545,52 27.13 72.55  1.71

Model B imposed the restriction that all raters are
equally lenient, 1ie.e., all RRP“s equal 500, while allowing
SAP’s to vary. This restriction forces the predicted
ratings for the raters of a single student to be the
unweighted mean of the observed ratings of these raters on
this subject. This is the model corresponding to the common
practice of using the mean of the observed fratings as the

/ best measure of the student®s true performance. Note
however that it is accurate only within the context of equal .
rater leniency. When contrasted with PMadel 0 (null
hypothesis), ¥odel B provided a mechanism for determining
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how well variation in student performance could account for
observed ratings. .Also, statistical contrast of Model B
(achievement) with Model A (both achievement and leniency),
provides a way to determine if rater leniency contiributcd to
cbserved ratings beyond that accounted for by student
achievement. A statistical difference between A and B
indicates a "“leniency main -efféct",

Model C imposed the restriction that all students had
equal achievement, leee, all SAP®s equal 500, while
permitting all the RRP®"s to varye. when contrasted with
Modei O (null hypothesis), Vodel C provided a w4ay to
determine the extent to which variatfion in the observed
ratings may be accounted for by variation in rater leniency.
Also, when contrasted with Model A (i.e., both achievment
and leniency), Model € (leniency) provides a way  to
determine if student achievement makes a significant
contribution to. observed ratings beyond that which could be
ascribed to variations in rater leniency. 4 statistical
difference between Models A and C indicates an "achisvement
main effect". ‘

Model 0 eabodies the null hypothesis, 1.e., a model
which accounts for the observed data as chance (random)
variation fros the overall mean rating (across all raters
and students). - Models B and € were not “straw-men® intended
to make the proposed model. (A 100k -‘good. All  three
hypothetical nodels must be used in ccntrast with each other
and with the null hypothesis to determine the relationships
of intereste. .

Table 2 presents the results of formal, ststistical
contrasts betseen the proposed mode¢l (A), as the full model
(FM) and each of the others (e.ge., B, C, and 0) as the

‘restricted (EKM) model (Ward and Jennings, 1973; see also
-Sternberg, 1967). All the F-tests resulting from the
contrasts = reported in Table 2 produced statistically
significant F°*s (p<0.01)e Table 2 2lso provides measures of
the fit between .each medel and the three data bases. The
fit is indicated both by the correlation (r) between . the
observed and predicted ratings and. by the associated
error-sup-of-squares (ESSQ). In all three cohcits, tre
proposed model (A) fit better (r=0.82Z, 0.74, 0.70) than -~
chance (p<0.01), better than Model B (r=0.72, 0.55, 0.55;
p<0.01), and better than VModel C (r=0.44, 0.59, 0.33;
- p<0,401). The contrasts between models A, By and C indicated
that both rater leniency and student achievement made
statistically significant {p<0.01), ~ independent
contributions to the observed ratings in @ll three cohorts.
In conventionzal analysis~of-variance ternminology, the
results supported the conclusion of & signficant (p<0.01)
rater leniency main- effect and a significant (p<0.01)
student achieverment main effect 1in each of the three
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cohoitse.

Table 2

Contrast of Fit of,Models As B. and C to Data from
Lach of Ttree Junior Year Medicine Clerkship Cohorts

Table 1. Coqtrast of Fit of Models A, B, and C to Data from Each of Three Junior Year Medicine Clerkship Cohorts

Oata Base ' Free Parameters (nfp) __Fit__ Contrasts
Cohort nR nS n0B' MT RRP SAP Total kS ESSQ M RM F ratio® Ty e
A 46 20 75 6.8213 4364.65 A 0 4.85
78-79:3 47 29 136 B 0 29 29 0.7187  11371.64 A B 2.13
c 47 0 47 0.4436 15713.56 A c 5.66
A 30 30 60 0.7441 6767.68 A 0 4.s3
78-79:4 31 30 165 |B 0 30 30 0.5456 13692.51 A B 3.58
c 31 .0 31 0.5890 12638.68 A ¢ 3,14
A 28 35 63 0.7000 7219.70 A 0 ERT
79-80:2 29 35 173 B 0 35 385 0.5529 12332.16 A B 2.78
¢ 29 02 0.3333 16474.84 A ¢ 4.15

“For all reported F's, p<0.01. MT= model type; nanumber; k=raters; S=students; OB-observations(ranngs),
r=Pearson conolation. ESSQ-en‘or sum of squares; FMwfull model; RM=rostricted model; dfj=nfpPM-nfpRM; dfz-nOB-nprM

Because the study was replicated on three independent
data bases and the same results were obtained on each, the
Jjoint probability across all three cohorts for each of the
results cited above was p<0.000001. The grobabhility values
given in the prior paragraph refer to each data base
considered separately. When all were considered together
the smaller value just given should be substituted for ‘the
earlier onese. Partitioning the variance by contrasting
models A, B, and C, we found that in these data about 20% of
the variability in «clinical performance ratings could be
attributed to variations in rater leniency. An additional
35% could be attributed to variation in student achievement.
Taken togyether tlhese results strongly indicated that while a
krniowledge of either 1leniency or achievement provided a
significantly better than chance basis for predicting
ratings, each was a statistically independent factor, and
the best accuracy in prediction was achieved on the basis cf
a knowledge af bothe These results directly support the
proposed model and thereby indirectly the proposed theory:
performance ratings were a function of both rater leniency
and subject achievement.

As some Caters rated students in more than one cohort,

‘it wWas possible to calculate a "test-retest" reliability
coefficient for the rater reference points (RRP)  of these
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raterse. Table 3 provides the reliability coefficients (r)
determined on pairs of RRP’s for each rater. The number (n)
of raters who rated students in two cohorts is indicated in
parentheses under the corresponding T value. The
probability. (p) of the  observed correlation arising by
chance is also given. All .these reiiabilities are positive
but below r=0.30. Although no single one of these r°’s
departed from a value of r=0.00 to a statistically
significant degsree (ie.ee., 1individual probabilities were
p>0.15), at least two of these r“s were statistically
independent. From their joint, "independent occurrence it
was found that the set of r values differed significantly
(p<0.04). from 'an r=0.00. This very important result
provides directly validating evidence for the theoretical
construct of 1leniency and indirect wvalidation for the
construct of achievement. For these raters, we found that
while their EKRP”s were labile or difficult to measure with
precision, their RRP’s corresponded to some feature of their
rating behavior that persisted over at least a six month
period of time. : '

Table 3

Correlations betueen RRP°s for same Instructors
Across Independent Cohorts of Students
All Available Data Used to Estimate RRP’s

T8-19:4 19-80:2

r 0.2796 0.2883

78-79:3 m ( 15) ( 13)
- p 01560 0.1700

: r 0.2483
78-79:4 n «  9)
‘ ' p 0.2600

The mean ohserved rating on each student was moderately
well correlated (r<0.85) with the rating that the proposed
nodel predicted a rater of mean leniency would assigne.
Assuming (on the strength of the evidence thus far reported)
that the proposed model was valid, this result indicates
that the 1leniency of the various sets of raters who rated
these students were moderately representative of the wuhole
‘pool of 75 different raters. This Would be expected as
assignments-of students to raters was randome. - But, randonm
assignment could produce highly different subsets of raters.
Apart from the model under investigation here, there was no |
other technique for . datermining the representativeness of
the rater subsets. The results only suggest that the rater

l"v .
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subsets wWere nodevately representative.

To further test the provposed model, a <cross~validation
of model predictions against an independent criterion was
conducted.s A restricted data set was created from the £full
data set. The full data set contained all the observed
ratings on the thres cohorts used in the analyses reported
above. The testricted data sei was formed by setting aside

(ieCe, "saving") one randomly chosen rating per student

(with the constraint that the remaining restricted data set

..contained nc.rater who tated.less . than two -students nor . a

stirdent rated by less than tuo raters). Parameters (RRP‘s
and SAP°s) were then estimated on each cohort®s restricted
data set  separately. Descriptive statistics (means and
standard deviaticns) for the observed ratings, and RRP“s and

'SAP°s estimated for Model A from the restricted data set are

given in Table 4. When campared with the values obtained on
the full data set (Table 1) , the reduction of one
obsexvation per student had no significant impact on the
means.

Table 4

-

Means and Standard Deviations (SD) for RRP’s, SAP°s and
Ratings Based upon the Restricted Data Set

RRP ‘ SAP Observed Ratings
Cohort Mean SD Mean SD ~ Mean SD
78-79:3 490,57 45.65 566.25 45.70 74.44 12.70.
78-79:4 466.78 74.11 547.52 24.48 - T74.73 8.54

79-80:2  487.84 19.91  549.90 37.94 72.29  8.91

-~

~ The saved ratings wuwere then correlated with the
corresponding elements in tuwo different sets of predicted
ratings: (a) those given by the propesed model (when |its
parameters had been estimated from the restricted data set);
and, (b) those given by the model underlying the most common
rating opractice, 1i.e., Model B, which is equivalent to the

-mean of the ratings each student received in the restricted

data saote. In each case the saved ratings were independent
of the predictions with which they were correlated.

This procedure could put the proposed model at a

shbstantla; -gisadvantage when contrasted with the alternate
model (B). This.-arises trom the reductiocr in data available
to estimate parameters. By consulting Table 2, it can be

- deducea that;in;the full datz set the ratio of observations

£
0
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to free parameters (to be estimated for Model A) was 1.8,
2.7, and 2.7 respectively in the three cohortse. In the
restricted data set, these ratios declined to 1.4, 2.2, and
2.2 In cehort 1978-79:3 the ratio fell from an already
marginal 1.8 observations per parameter in the full data set
tr 3 very doubtful 1.4 in the restricted data set. A low
ratio could place the proposed model at a disadvantage
because it had more parameters to be estimated. Less data
per paramter would reduce the accuracy of the parameter
estimates and thus the accuracy of the model®s predictionse.
The alternate model having only about half as many
paramcters to estimate had an advantage 1in obtaining more
accurate estimates of 1its parameters (l.e., Oone mean per
student). :

Table 5 reports the results of correlating an
independent rating of each student with the prediction of
the proposed medel (A) and the prediction implicit in the
common practice of taking the unweighted mean of the
observed ratingds (Model B) as the best available measure of
perfnrmance. In tuo 0f the three cohorts the results appear
to favor the proposed model, but in cohort 1978-79:3, Model
B seems to be superior to the proposed zodels This means
that in ¢two of tlie three cohorts predictions based upon a
knowledge of both rater 1leniency and student performance
(i.e., Vodel A) appeared superior to a knowledge of student
perforpance alone (Model B). In cohort 1978-79:3, the
prediction of Nodel A was not only less accurate (i.e., less
woll correiated Wwith the criterion), the observed
correlation (r=0.26) for Model A was not signhificantly
diffevent frem r=0.0. Considering that ¥kodel B was a
restricted case of Model A, Model A should do no worse thean
Model B. )

Table 5
Correlations of Predictior of YHodels A and 8 with an
Independent Rating on Each Subject

Cohort A B
78-79:3 . e 2555 O.SQZO
78-79;4 0. 6699 0.5531

79-80:2  0.4027  0.2022
Mean 1 0.5136 0.4465

Mean 2 0.6128  0,4055
Sory
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For cohort 1978~79:3, the data indicate that very poor
estimates for VModel 'A“s parameters were obtained from the
restricted datz set. The result of Model A fitting worse
than Model § sas directly - attributable to the lack of
sufficient data in the restricted data set for
simul taneously estimating SAP“s and RRP°s. This “negative
finding®™ was serendipitously suggestive of a useful rule of
thumb, Anytime the correlation between the proposed model”s
predictions (when based wupon the parameter estimation
procedures in MERLIN) and independent <criterion ratings
fails to at 1least equal the <correlation bhetuween the
criterion and each subject®s mean cbserved rating {i.e., the
prediction of Model B), then there are insufficient data
available t2 make useful estimates of the parameters of the
Model A. In the case -at  issue, this interpretation was
corroborated by an analysis of correlations between the
values estimated tor Model A“s parameters (RRP”s and SAP’s)
based on the full data set with estimates for the same
parameters based on the restricted data set. The results of
these analyses are reported in Table 6.

Table 6

Correlations between Parameters Estimated‘from the Full
pata Set with Those Estimated from the Restricted Data Set

Cohort RRP SAP Both RSQ

78-79:3  0.8300  0.7991 0.8178  0.6688
78-79:4  0.9173  0.9691  0.9508  0.9040
79-80:2  0.8676 0.9625 0.9329  0.8703

These correlations would be high if the parameter
estimates were stable., The correlations for REP’s and SAP°s
sepatately ard combined indicated that there was goaod
stability for the parameter estimates in cohorts: 1978-79:4
and 1979-80:2. 7Taking the square of the <correlation (RSG)
between the two conditions (ie.e., full and restricted data
sets) as 2 measyre of common <variance, the stability of
cohort 1978-79:3°s parameter estimates was clearly poor
(RSQ=0.67). Deleting one cbservation per student produced
substantiaily different parameter estimates. Better
estimates could not be had from less data; therefore, the
estimates from the restricted data set must have been
substantially worse then from the full data set. It 1is
‘important to emphasize the extreme conditions rinder which
the parameter estimation procedure failed. Comnlete data on
the cohort would have contained: 47 raters x 29 students =
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1363 observed ratings. In the reduced data set there were
107 obsarvatians. In other words, 7.85% of the possible
data were piresent and 92.15% of the data were missing from
the observed data table input to MERLIN. In the other two
cohorts, the respective data tables uesre 17.74% and- 17.04%
complete.

With the clear evidence that it was the parameter
estimation process rather than the  proposed model that
failed and that the failure was due to lack of sufficient
data to make Useful estimates of the proposed model”’s
parameters, we reconsidered the results reported in Table 5.

Yeans 1 znd 2 were computed using the weivyhted r to =z
mean correlation procedure recommended by McNemar (1966, pe.
139). The zean correlation betuween NModel A and an
independent criterion (i.e.s the saved ratings) across all
three cohorts (mean 1) was higher than that obtained by
Model B, bLut not significantly higher (p>0.15). However,
ample evidence had been found which required the exclusion
of the 1978-79:3 data from this comparison. Therefore, Mean
2 was calculated only upon the results for cohorts 1978-79:4
and 1979-80:2. This resulted in r=0.62 for the proposed
model, while the mean correlation between the criterion and
Model B predictions was r=0.41. Each of these correlations
was significantly greater than r=0.0 (p<0.004).  Further,
the proposed wodel predicted the criterion significantly
better (z=2.62; p<0.004) than did the alternative model.
This result directly validates the theoretical constructs of
both rater leniency and subject achievement.

Model A“s predictions correlated higher with the
independent criterion ratings, r=0.61, because Model A°s
predictions wWere more nearly. valide. The raw ratings
contained tuwo components: subject achievement and rater
leniency. As measures of true subject performance, the raw
ratings were contaminated with rater leniency and were
therefore less valid and reliable measures of true subject
performance. The reliability of r=0.50 for raw ratings
reported in earlier work (Cason and Cason, 1979) wuas an
overestimate because it did not take the leniency effect
into account. -The best available estimate for the
reliability ¢f raw ratings as measures of performance alone
was the mean correlation betWween Model B and the criterion
‘ratings in the last two cohorts (mean 2): r=0.41. Qur

- model attained higher correlations with the _ criterion

~ because it explicitly used both rater lenfency and
achievement data to 'make its predictions. The model-
depicted the 'data  more validly than could the mean of raw
ratings in incomplete data sets. . Therefore, the best

: available measure- of student performance or student
- achievement was the rating that our model predicted a ,rater
~of ‘average -leni=nCy would assign a given subject (or, its
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equivalent on the latent scale, this subject®s SAP).

Applying our model, the reliability of a single rating
as a measure of true performance wWas r=0.61. Leniency
effects had been removed; therefore, Spearman-Brown“’s
formula wWwas appropriate to conservatively estimate the
reliability of a rating based upon several independent
raters. Specifically, our model®s predicted mean rating for
each subject based on 5 ratings had an estimated reliability
of r=0.89. By the same logic, the reliavility of the mean
of 5 raw ratings as a measure of true performance was
calculated +tsking r=0.41 as the reliability of a single raw
rating. Applying Spearman-Brown®s formula, this gave r=0.78
for the reliability of the mean of 5 observed ratings as a
measure of student true performancee. Because validity
cannot exceed reliability these Tesults clearly indicated
our dodel could produce substantially more nearly wvalid
measuraes of student true performance from an incomplete data
table than could the mean of observed ratings on each
studente. '

Conclusions and Implications

All the a priori objectives of  the research were
attained. With respect to clinical performance rating data
sets of a type which are common to health pr:tessions
education (i.e., dirty and incomplete), the proposud model
was empirically demonstrated to have: (a) closely fit the
data (p¢0,000001), (b) clarified and quantified the separate
contributions oX rater leniency and subject achievement
(eege, 20% and 35% of variance accounted for respectively in
"these data; empirical cross—-validation of both constructs,
and . so fortk); and, (c) provided a usable mechanism for
generating more reliable and valid ratings-based measures of
clinical perforrance as indicated by the reliability of
r=0.89 (base¢ on 5 independent ratings) attained from
application of _ the gproposed model as compared to r=0.78
attained for thte most commonly used current alternative,
iee., the mean of the 5 observed ratings.

The results clearly demonstrated the superiority of tte
proposed model when data sets were incomplete and subjects
were rated by unrepresentative subsets of raterse In
addition, an ewpirical method for judging the adequacy of
the data for the application of the model was demonstrated.
When the proposed model failed to provide fit with the data
at least as good as the mean of each subject’s observed-
ratings, the data set was insufficient to provide adequate
estimates of the proposed model”s parameterse Nevertheless,
the proposed nodel provided improved measures of performance
when the data set was as little as 17% completes

"The*conditions}of the tests contrasting the proposed
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model (A) with the mean of the observed ratings Were biased
against the proposed model. Assignment of students had been
randiom so variation of average leniency in rater subsets
would tend to be small. This tended to reduce the rater
main effect in these data. In settings where non-random
assignment occurs, larger discrepancies in mean rater
leniency coul¢ easily occur. In such settings, the power of
the proposed rodel in producing more valid measures uould be
even more prohouncede. Assuming the proposed model was
valid, Table 7 provides a "uworst case" example of the
potential 1impact of rater leniency upon ratings received by
students. This example was based on the extreme {lenient
and stringent) raters and extreme {low and high achieving)
students in cohort 1979-80:2. The top rouw depicts the
ratings that the most stringent rater would assign; the
bottom row the most lenient, The 1left column gives the
corresponding rater reference points for the twWo raterse.
The middle column gives the expected rating <for the low
achieving student; the rightmost column, the expected
ratings for the high achieving student. Both the raters see
the high achieving student much the same; there is only a
10% difference in ratings. But, the low achieving student
is predicted to receive drastically different ratings.
There is a 30% difference in ratings. Predic%ions rather
than observed discrepancies were used in the illustration
because it was the model that was validated in- this
research. ~ Whether discrepancies as large as this occurred

in this data was a chance matter. The model®s predictions

were a better general indicator of the possible magnitude
than coincidental data because the model captured a set of
relationships in‘unole’data setSe

Table 7
Maximup Effect of Rater Leniency on Pradicied
Student Ratings in Cohort 79-80:2
Low Student .High Student
RRP (SAP 497.9)  (SAP 653.7)

Stringent rater (534.9) 35.593 88.27%

Lenient rater _'(452,1) .67.65% 97.81%
~ In spite of the conslstency, strength)”éhd‘coherence of
the results supporting the proposed model found in these
data, these ¢éata Were limited. - Only one setting, an
internal medicine -clerkship was' represented. ' Only one

rating inventory.was used. 5till 75 different raters were
involved and 94 different students were rated. It would not

AR
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be prudent to conclude that the proposed model wWill fit
every conceivable performance rating setting. Neither would
it be reasonable to ignore the strength of the results from
these 1limited data. Thare are too many commonalities
betueen these data and many others not to expect that this
model may prove very useful in a wide variety of settings
and contexts. :

Extrapolating optimistically from these early,
promising results, a number of useful possibilities occur to
us. Our model might meet Meskauskas and WNorcini“s (198Q0)
requirenents for a methodology for "handicapping' judges in
both standards setting and parformance assessment procedures
better than do Stanley”s (1961) methodse. Qur results
suggest that in some settings rater leniency may not be
sufficiently stable to use Stanley’s methods. However,
becavse our model can be applied to incomplete data sets, it
provides a means of "adjusting™ judges” ratings on the bases
of their current behavior rather than on their past ratingse.

An intriguing possibility is the application of our
model to the problem ¢f assessing the test items 1n a large
item bank. Some test item banks now have thousands of itexns
in them. But, these items are not egually relevant to the
objectives of specific training programs which may use these
test ditem banks. Our wmodel would permit a more uniform

" standard to be applied in Jjudging the difficulty or

~relevance of items in the item bank while reducing the
extent to which redundant Judgements were required. Far
example, our model wmight permit 3udges to consider only
slightly overlapping subsets of 1itens while applying
Angoff“s  f1971) or a similar standards setting method. . The
Judges” judgements could be calibrated through the common
items that they judged. This would permit a small number of
judges (e.g., the facuity in a department) to evaluate a
larger 1item bank without either taking years or imposing an
unrealistic burden on the individuals.

Cur model provides a technique whereby it would be
possibhle to “track'" the rating performance of individual
raters and provide ther with feedback on how their ratings
compared with other raters in settings where not all raters
rate all subjectse This might even be wuseful in. settings
where raters had been trained to a very high level of skill
so that only few raters would rate each subject. S0 long as
there Were adequate_overlaps in the ratings, the model would
provide a way of monitoring raters that was nhon-intrusive
and 1inexpensive since it requires only their routine rating
data. ) ' s

There are at least two general uays in which our model
may prove to be of  research interest. First, the model
itself, in so far as it is a simplification of a somewhat
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more elaborate theory, deserves inveg%jgation. Perhaps
incorporation of differential rater sensj®ivity, an explicit
representation of problem or situation gdfficulty, or other
elaborations of the proposed model wouly 1egd to further
improvements in ratings-based measurfeg o0f cComplex human
performance. However, such elaboratipg@s yould involve
adding paranreters and this would <t auite wmore nearly
comp lete data sets if useful estimates -Of (he parameters
were to be achievable. In spite of tbBe success of the
simpiifjed mocel in fittiny and explainiyg the relationships
in these data, the model is a gross sigPlifjcation of even
the rudimentary performance rating thgOty that we have
proposed.

Second, the proposed model may be yg2fyl 3s an analytic
method in research involving complex jttyah performance &s
either a criterion or predictor wvariapZe, With notable
exeptions such as Sheehan, Husted, Capdeer Cook, and
Bargen®s (1980) report, prior invesydgatjons of the
relationships between complex performancg varjables (such as
clinical perforzance) and variables pj@ssured by more
reliable metltods (such as objectively Scotyd aptitude and
achievement tests) have found anly very ,Odes¢ Celationships
or none at all. This may have arisen in Part pecause of the
relatively low reliability and/or validi,y¥ of the available
ratings-based measures of complex perforpAnce, The proposed
model may have a substantial contributioy to pzke to these
investigations by providing a way to gg¢% pOre nearly valid
and highly reliable measures of compley pegfPrmance than
have been available in the past, Thlg prospect 1is
especially exciting for those areas of pebfgoCmance where
there are already large but dirty and jfitonplete data sets
availsble and/or those areas which, for gractical reasons,

-may be unable to concurrently prodyc2 hgth clean  and
complete data sets regardless of the resguitces available.

While it is desirable that the judgeMents ©f individual
judges be made as reliable and valid ag s poSsible, there
will almost certainly always be more jSsesgment programs
that generate incomplete, dirty data Sets than complete,
clean ones. 1Tke model uwe have presenteq bhere shows real
promise for improving the quality P2t ¢he assessment
information that may be extracted wundey thgse less than
ideal and unfortunately common circumstapfuss




Cason and Cason: Ferformance Rating Page 32

Heferences

Anderson, D.0., Baker, H.H., Laguna, Je«E., and Laguna, J.F.
Applying the Ekasch model to improve health science clerkship
evaluations. Preseénted at the Annual Meeting of the Rocky
Mountain Educatioral Research Assoclation, Las Cruces, He M.,
1980.

Angoff, W.H. Scales, norms and equivalent scores.s In  RaLe.
Thorndike (Ed.) Fcucational Measurement {(2nc¢ ed.). ¥%ashingZon,
DoCes - American Council on gducation, 1971.

Ruker, FaBe Advances in item analysis. Review of Fducational
Research, 1977, 47, 151-178. .

Casoni, G.de. MERLIN: A FORTRAN IV program for finding
least-squares estimates of rater reference points, subject
achievement points, and goodness-of-fit for Cason and Cason’s
model of performance rating. Copyright 1980 by Gerald J. Cason.
(Available from author.) '

Casony Goedey, and Casson, Cole Rating students” clinical
performance: Interir report number 2. Presented at the Annu:zl
Meeting of the Mid-South Educational Research Association, Little
Reck, Arkansas, 197S.

Chandler, Je.P. STEPIT: A FURTRAN II subroutine for finding
local minima of rteal functions. Copyright by J.P. Chandler.
(Available from Guantum Chemistry Program Exchange, Indiana
University: Bloomington, Indiana.)

Cromier, G A stucy of the applicability of a truly objective
model in medical education. In Proceedings of tne Sixteenth
Annual Conference on Research in Medical Education. Washington,
DeCe$ American Association of Medical Colleges, 1977, 123-128.

Davidge, AeM.y Davis, W.K., and Hull, AcL. A system for the
evaluation of medical students” clinical competence. Journal of
- Medical Education, 1980, 55, 65-67.

Davis, W.K., Hull, A.L., Davidge, A.M., and Dielman, T.Ee.
Variables influencing ratings of medical student®s clinical
performance. Presented at the annual MNeeting of the American
Educational Research Association, San Francisco, 1979.

Dielman, TeEe., Hull, AeLe., and pavis, h.K. Psychometric
properties of clinical performance rating. Evaluation and tte
Health Professions, 1980, 3(1), 103-117. _

Ebel, R.L. Estimation of the reliability of ratings..
Psychometrika, 1951, 16, 407-424.




Cason and Cason: Ferformance Rating Page 33

Hambleton, R«K., Swaminathan, He., Cook, Le.L., Eignor, D.R., and
Gifford, J.A. -~ Developments in latent trait theory: Models,

technical 1issues, and applicationse. evieu of Educational
Research, 1978, 48, 4¢7-510. -

Harasym, Po A comparison of the Nedelsky and modified Angoff
standard-setting procedure on evaluation outcomee In Proceedings
of the Mineteenth Annual Conference on Research in Mediczl
gducatione. Washington, DeCe3 American Associatioen of Medical
Colleges, 1980, 3-8.

Hughes, F.P. The Rasch model applied to the equating of several
examination forms. Faper presented at the Annual keeting of the
American Educational Research Association, San Francisco, 1579

Kreines, DeC., and Vead, Re.J. Equating tests with the Rasch
model. Paper presented at the Annual Meeting of the American
Educational Research Association, San Francisco, 1979,

/
Landy, Fe., and Barnes, Je. Scaling behavioral anchors, Applied
Psychological Measurement, 1973, 3(2), 193-200.

Lord, F«Me A theogry of {ost scorese. Psychometric Monographs,
1952, Noe7e

Lord, FeMe An application of confidence 1intervals and maximum
likelihood to + tte estimation of an examinee”s ability.
Psychometrika, 1953, 18, 57-75.

McNemar, Ge Psyctological statistics (3rd Ed.). New VYork:
Wiley, 1966, :

‘Mead, ReJe., Wright, B.De., and Bell, S.R. BICAL-Version. 3.
Computer proygram to perform Rasch item analysise. Chicago:
University of Chiceago, 1979,

Meskauskas, JeA., and Hcrcini, J.J. Standard-setting in written
and interactive (otral)  specialty certification examinations:
Issues, models, methods, chzllenges. Evaluation and the Health
Professions, 19806, 3(3), 32i-360. :

Nedelsky, L. Absdlute‘grading standards for objective tests.
Educational and Psychological Measutrement, 19%4, 14, 3-19.

Nunnally, JeCe. . Egyéhométric theorye. New VYork: McGraw-Hill,
1967, i '

U'Doﬁahue, H.J.,bénd-ﬁergin,'J.F.' Evaluation ot medical students
during a clinical clerkship in internal medicine. * Jourpal of

-Medical Educatfon, 1978, 53, 55-5¢. e

Pierleoni, ReGs, Clark, Ge.M., and Dudding, Beh. A Coaparison af
faculty, resident, and nurse practitioner ratings of ambulatory
pediatric students. Presented at the Annual Meeting of the
Aierican Educational Research Association, San .Francisco, 1579.

35



Cason and Cason: Performance Rating ~ Page 34

Printen, K.J., Chappell, HW., and whitney, DeRe Clinical
performance evaluation of junior medical students. Joyrnal of
Medical Education, 1973, 48, 343-348. ' '

Rasch, G. An item analysis which takes individuel differences
into accounta. British Journal of Mathematical and Statistical
PSYChO],Ogy’ 1966[ 19’ 49‘57.

Remmers, H.H., Shock, H.W., and Keliy, £«L. An enrpirical stucy
of the wvaidity of the Spearman-Brown formula as applied to the
Purdue Rating Scale. Journal of Educational Psychology, 1927,

Schumaker, C.F., et al. Applying the Rasch' model! to equate
examinations in the field of medicine. Presented at “he Annual
Meeting of the American Educational Research 'Associration, San
Francisco, 1979.

Sheehan, J.T., Husted, S.L.Re, Candee, D., Cook, Ce.D., and
Bargen, He Moral judgement as a predictor of clinical
performance. Evaluation and the Health Professions, 1380, 3(4),
393-404. . :

Smith, H.h., and Kifer, E. Student evaluation in an externship
utilizing the Kasct model for test calibration. American Journal
of Pharmaceutical Education, 1980, 44, 6~11.,

Smith, P., and Kendall, L. Retranslation of expectations: An
approach to the construction of unambiguous anchers for rating

" scales. Journai cof Applied Psychology, 1963, 47, 149-15S.

Snedecor, G.¥e Statistical methods. (4th Ed.). Ames, lowa:
Iowa State College Press, 1946.

Stanley, J.C. Analysis of unrepiicated three-way classifications
with arplications to rater bias and trzit 1independence..
Psychometrika, 1961, 26{2), 203-2)5.

Sternbery, S. Stochastic learning theory. Tn R.D. Luce, R.ke
Bush and E. Galanter (Eds.) iiandbook of Mathematical Psychclogy,
Volume II. New York: HWiley, 1967.

/ Stillman, P.L. Arizoma Clinical Interview Medical kating Scale.

Medical Teacher, 1580, 2(S5), 248-251.

Stillman, P.L., Brown, D.R., Redfield, D.L., and Sabers, p.L.
Construct validation of the Arizona Clinical lnterview kating
Scale. Ecucational and Psychoiogical Measurement, 1377, 37,
1031-1038. ' ‘ B

Symonds, P.M. DiagnoSing bersonality and concéuct. New Yorks
Century, 1931. : - ‘

- Ward, Je., and Jennings, E. Ihtroduction to_linear models.
- Englewood Cliffs, N.J.: Prentice-Hall, 1973.

35



Cason and Cason: Ferformance Rating Page 35

wWright, BeDe Semple~-free test calibration and gersan
measuremente. In Eroceedings of the 196 i \

on Testing Problserse. Princeton, Ned.:? Educational Testing
Service, 1968.

¥right, B.D., and Stone, M.li. Yest test designe Chicago: MESA
PYGSS/; 1975.

Acknowledgements

He gratefully acknowledge the encouragement, assistance, and
co-operatign of: Gaorge Ackerman, Harry Ackerman, Jerry
Blackburn, Roger Bone, Tom Bruce, John Delk, Ross Dykman, Ron
Hale, Lisa Hale, Peter Kohler, Tom Lewis, Tom Monson, Jin
Phillips, Bob Shannon, Lois Tipton, and Ture Schoultz.

This research wzs supported in part by the taxpayers of the
United States thrcugh grant No. 90AL0005-01 from the Department
of Ha2alth apd Bumz: Services.

W
~Z



N T R R R e I N EX TS
@JIJJ{,.: ::"' I: - “.‘:".:.:. ,: n»-:..-n--r'“o.o ]l' .-‘?\uu.u«“-.n
_j N 3 Ve eedh ab [ ] e e s r e ! u'"'r'-“lh.n‘
=4 |y A
g r..... ::; MBI IR BT T SRS B A RU NI AR IS :‘P..; -;‘u‘?—:.v.:--l-o‘
.!,T.' OIH[,GIUl"\fc‘)l"lllllb-'.-l'-l.‘lo;N‘a”‘.:":;l:‘.llhq;.—]
) AL IR U T B S T B S - T S T [ E S S "R
f n, LA AR LA AN .
Ol LR 1l ] [ -y ) L . aan ’ ue
g o [ T e T
o = el s : Lell > PLEASE ¢ NTER ANY COMMENTS YOU FEEL ARF KELEVANT 10 THE EVALUATION OF
Tl st s e wr e v ann | P01 GIUDEN, WHOSE RATINGS YOU ENIENED ON GLVLISE OF THIS FORM. COMMENTS
- .:5':; AMHD NG (A TR Ny 2t A = oY TS St NT'STSFE(?;!;:S .?m[rlnqr‘n.‘;dnwrol‘m WEAKNFSSES AND DOC-
R L - Pt B ST 1 UMENTATION FOR RATINGS ASSIGNED MIL MuST USER,
R SRR AL LA L R A 63 e | g eon CACHITEM ON OBV HSE MUST g | NTERED. COMMENTS AKE ONLY
s e ATl O R RO ke g |G O L N SURPLEMEN] NOT A SUUSTITUTE FON NATINGS.
3',: ’;g;' SPMNunUle Ny d)Lub U Apy sy h ;3 vena .
Ul T T T A e ey N rEe | PROVISIONAL OVERALL GRADE: In marking ftem 34 on the obverse, use
H N R I T I T R e e a oo | the definitions for 5, 4, 3, 2, and 1 given below. For all other
ol ‘e T I P R T TR T T Tomman: i}ems. u;e the definitions provided above the ftems on the obverse
‘ : | of this form,
A | e st g o] 5= A« QUISTAADING overall perfomance ‘or ted., Schoc? Jr.
‘“5““5[;"" “’ML"‘"M ;: m; Uttat uf ity lu,mw'mld e mm;lM:w.r! |vlml|('ll‘ll o L";";xl’:‘i 4 s B » ADOVE AVERAGE ' for Med, Schoo! Jr,
S At worsa o, wisild be o idipne 35 Al {osltesiny 1% wf byl it
Ill:l':illl:'::mt't'llllll,:r i "gv;-lunuln‘lﬂ‘vtlw.‘m.nl‘.lll,m\:d b::&ullwhl‘:l\ u“'lmu.n"!"' s ol 3 ¥ C . M‘ERAGE ' ! for Hed. sth00] Jr.
0 CORHLLL. ) ? 5 D« BELOW AVERAGE * ‘ “or Med,, School dr, |
L e ixmxxx_xxmxxxxnx X3 iyl Aplaatdn Y 2 Not Halodl Hateme ot Quasrvais 1 ¥ F T UNSATIS”CTORY H ] 'f‘r Med SChOO] Jr.
GEHAIL CRBATIYE Siats ™ " '
| Knowtng facts, voles, ete oV Ch Recording Physical Gan_ "
[ s

Understanding facts, rales 174220 Requasting Studes/Tests

_toplylng fucts, roles, ete 1E0TT NN Reuesting Conults v, B
Problem Solving: analysis,

___sthests evluatton__** 1V hogerprening sty fesults o
COMUTCATION (Wit ): Sy iadtho ' B
SL_Peers (Jr Hed Students) M Physical. im0 . '
: ‘ .
S Patlents e, PP Stuffes/Tests  °° '
S| RO s, DO __ Consult Results
X o Synthesizing Problen/
F| Restdonts g, U0 yFomulatirglg Dfagnosis___""
S ‘o0 431t o (TNERAPEUTIC DESICH/PROCEDURES:
G Clinkca) Tean: Ms Techsete ® * * * 7 1 b cutocting fomuiating treatoent " "
Z CATTITUDE (toward): b 1ol Mol Skills 8 0
W i_Peers (Jr Ked Students) Exequting, procedures 00, — Y

Follow-up, evaluation, revision y,
Patients vuovvovenivnrs MY '_'{" of Are3nent, regimen_nuevurne

I IS

Ry s, PERFORANGE UNDER STRESS ... ¥ *.

Vv Xi1pu3addy

Residents v.ovvvrvveonssr MU0 Y Y ponenran FoR AbvASCED ShATNING B ' ; :
: | T PROVISTONAL OVERILL cRADE
>. -
Ol e s ot 00 B P
x 3 | #
ﬁ‘ Assigneug“es Lty Sy e3aafry s X
" Breazafey %4 IF NO COMMENTS, CHECK WERE () iimassammran
S ImpHcit responsibilities !
." R 0Alf RATLH S NAMT EYpiD O PRINILD
i) Belng corrected ..., Mt 07T Iy
o [BASTC™PATIENT "WoRK~UP" - .
4| Conducting Kistory ..., " ¢2P'1) Wrvaaspy ;
] Cndctiog gt b P G
Kl‘ i)
Qj_ﬂggg[gingﬂistory......u Nulnlul ' NERERIE, {;

VAT S1UDIKT FLRFOIMANCE ATING FONM A IATER SIGN AND COMMENT ON HEVLIS RIOL




Cason and Cason: TFarformance Rating Page 25

-

to free parameters (to be estimated for Model A) was 1.8,
2.7, and 2.7 respectively in the three cohortse. In the
restrictad data set, these ratios declined to 1.4, 2.2, and
2.2 In cehort 1978-79:3 the ratio fell from an already
marginal 1.8 observations per parameter in the full data set
trr a very doubtful 1.4 in the restricted data set. A low
ratio could place the proposed model at a disadvantage
because it had more parameters to be estimated. Less data
per paramtcr would yreduce the accuracy of the parameter
estimates and thus the accuracy of the model®s predictionse.
The alternate model having only about half as many
paramcters to estimate had an advantage 1in obtaining more
accurate estimates of 1its parameters (i.e., one mean per
student). :

Table 5 reports the results of correlating an
independent rating of each student with the prediction of
the proposed medel (A) and the prediction implicit in the
common practice of taking the unweighted mean of the
observed ratingds (Model B) as the best available measure of
perfnrmance. In tuwo 0f the three cohorts the results appear
to favor the proposed model, but in cohort 1978-79:3, Model
B seems to be superior to the proposesd godels 7This means
that in ¢two of the three cohorts predictions based upon a
knowledge of both rater leniency and student performance
(i.e., MVodel A) appeared superior to a knowledge of student
perforpance alone (Model B). In cohort 1978-79:3, the
prediction of Model A was not only less accurate (fi.e., less
woll correiated Wwith the criterion), the observed
correlation (r=0.26) for Model A was not signhificantly
different frem r=0.0. Considering that ¥odel B was a
restricted case of Model A, Model A should do no worse thean
Model B. ’

Table 5
Correlations of Prediction of Hodels A and B with an
Independent Rating on Each Subject
cohort A B
78-79:3 . 0.2555  0.5020
78-17924 0.6699 0.5531
99-80:2  0.4027  0.2022
Mean 1 0.5136 0. 4465
Mean 2 0.6128  0.4055
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For cohort 1978~79:3, the data indicate that very poor
estimates for VModel 'A“s parameters were obtained from the
restricted datz set. The result of Model A fitting worse
than Model § sas directly - attributable to the lack of
sufficient data in the restricted data set for
simul taneously estimating SAP“s and RRP°s. This “negative
finding®™ was serendipitously suggestive of a useful rule of
thumb, Anytime the correlation between the proposed model”s
predictions (when based wupon the parameter estimation
procedures in MERLIN) and independent <criterion ratings
fails to at 1least equal the <correlation bhetuween the
criterion and each subject®s mean cbserved rating {i.e., the
prediction of Model B), then there are insufficient data
available t2 make useful estimates of the parameters of the
Model A. In the case -at  issue, this interpretation was
corroborated by an analysis of correlations between the
values estimated tor Model A“s parameters (RRP”s and SAP’s)
based on the full data set with estimates for the same
parameters based on the restricted data set. The results of
these analyses are reported in Table 6.

Table 6

Correlations between Parameters Estimated‘from the Full
pata Set with Those Estimated from the Restricted Data Set

Cohort RRP SAP Both RSQ

78-79:3  0.8300  0.7991 0.8178  0.6688
78-79:4  0.9173  0.9691  0.9508  0.9040
79-80:2  0.8676 0.9625 0.9329  0.8703

These correlations would be high if the parameter
estimates were stable., The correlations for REP’s and SAP°s
sepatately ard combined indicated that there was goaod
stability for the parameter estimates in cohorts: 1978-79:4
and 1979-80:2. 7Taking the square of the <correlation (RSG)
between the two conditions (ie.e., full and restricted data
sets) as 2 measyre of common <variance, the stability of
cohort 1978-79:3°s parameter estimates was clearly poor
(RSQ=0.67). Deleting one cbservation per student produced
substantiaily different parameter estimates. Better
estimates could not be had from less data; therefore, the
estimates from the restricted data set must have been
substantially worse then from the full data set. It 1is
‘important to emphasize the extreme conditions rinder which
the parameter estimation procedure failed. Comnlete data on
the cohort would have contained: 47 raters x 29 students =
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1363 observed ratings. In the reduced data set there were
107 obsarvatians. In other words, 7.85% of the possible
data were piresent and 92.15% of the data were missing from
the observed data table input to MERLIN. In the other two
cohorts, the respective data tables uesre 17.74% and- 17.04%
complete.

With the clear evidence that it was the parameter
estimation process rather than the  proposed model that
failed and that the failure was due to lack of sufficient
data to make Useful estimates of the proposed model”’s
parameters, we reconsidered the results reported in Table 5.

Yeans 1 znd 2 were computed using the weivyhted r to =z
mean correlation procedure recommended by McNemar (1966, pe.
139). The zean correlation betuween NModel A and an
independent criterion (i.e.s the saved ratings) across all
three cohorts (mean 1) was higher than that obtained by
Model B, bLut not significantly higher (p>0.15). However,
ample evidence had been found which required the exclusion
of the 1978-79:3 data from this comparison. Therefore, Mean
2 was calculated only upon the results for cohorts 1978-79:4
and 1979-80:2. This resulted in r=0.62 for the proposed
model, while the mean correlation between the criterion and
Model B predictions was r=0.41. Each of these correlations
was significantly greater than r=0.0 (p<0.004).  Further,
the proposed wodel predicted the criterion significantly
better (z=2.62; p<0.004) than did the alternative model.
This result directly validates the theoretical constructs of
both rater leniency and subject achievement.

Model A“s predictions correlated higher with the
independent criterion ratings, r=0.61, because Model A°s
predictions wWere more nearly. valide. The raw ratings
contained tuwo components: subject achievement and rater
leniency. As measures of true subject performance, the raw
ratings were contaminated with rater leniency and were
therefore less valid and reliable measures of true subject
performance. The reliability of r=0.50 for raw ratings
reported in earlier work (Cason and Cason, 1979) wuas an
overestimate because it did not take the leniency effect
into account. -The best available estimate for the
reliability ¢f raw ratings as measures of performance alone
was the mean correlation betWween Model B and the criterion
‘ratings in the last two cohorts (mean 2): r=0.41. Qur

- model attained higher correlations with the _ criterion

~ because it explicitly used both rater lenfency and
achievement data to 'make its predictions. The model-
depicted the 'data  more validly than could the mean of raw
ratings in incomplete data sets. . Therefore, the best

: available measure- of student performance or student
- achievement was the rating that our model predicted a ,rater
~of ‘average -leni=nCy would assign a given subject (or, its




Cason and Cason: Ferformance Rating Page 28

equivalent on the latent scale, this subject®s SAP).

Applying our model, the reliability of a single rating
as a measure of true performance wWas r=0.61. Leniency
effects had been removed; therefore, Spearman-Brown“’s
formula wWwas appropriate to conservatively estimate the
reliability of a rating based upon several independent
raters. Specifically, our model®s predicted mean rating for
each subject based on 5 ratings had an estimated reliability
of r=0.89. By the same logic, the reliavility of the mean
of 5 raw ratings as a measure of true performance was
calculated +tsking r=0.41 as the reliability of a single raw
rating. Applying Spearman-Brown®s formula, this gave r=0.78
for the reliability of the mean of 5 observed ratings as a
measure of student true performancee. Because validity
cannot exceed reliability these Tesults clearly indicated
our dodel could produce substantially more nearly wvalid
measuraes of student true performance from an incomplete data
table than could the mean of observed ratings on each
studente. '

Conclusions and Implications

All the a priori objectives of  the research were
attained. With respect to clinical performance rating data
sets of a type which are common to health pr:tessions
education (i.e., dirty and incomplete), the proposud model
was empirically demonstrated to have: (a) closely fit the
data (p¢0,000001), (b) clarified and quantified the separate
contributions oX rater leniency and subject achievement
(eege, 20% and 35% of variance accounted for respectively in
"these data; empirical cross—-validation of both constructs,
and . so fortk); and, (c) provided a usable mechanism for
generating more reliable and valid ratings-based measures of
clinical perforrance as indicated by the reliability of
r=0.89 (base¢ on 5 independent ratings) attained from
application of _ the gproposed model as compared to r=0.78
attained for thte most commonly used current alternative,
iee., the mean of the 5 observed ratings.

The results clearly demonstrated the superiority of tte
proposed model when data sets were incomplete and subjects
were rated by unrepresentative subsets of raterse In
addition, an ewpirical method for judging the adequacy of
the data for the application of the model was demonstrated.
When the proposed model failed to provide fit with the data
at least as good as the mean of each subject’s observed-
ratings, the data set was insufficient to provide adequate
estimates of the proposed model”s parameterse Nevertheless,
the proposed nodel provided improved measures of performance
when the data set was as little as 17% completes

"The*conditions}of the tests contrasting the proposed
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model (A) with the mean of the observed ratings Were biased
against the proposed model. Assignment of students had been
randiom so variation of average leniency in rater subsets
would tend to be small. This tended to reduce the rater
main effect in these data. In settings where non-random
assignment occurs, larger discrepancies in mean rater
leniency coul¢ easily occur. In such settings, the power of
the proposed rodel in producing more valid measures uould be
even more prohouncede. Assuming the proposed model was
valid, Table 7 provides a "uworst case" example of the
potential 1impact of rater leniency upon ratings received by
students. This example was based on the extreme {lenient
and stringent) raters and extreme {low and high achieving)
students in cohort 1979-80:2. The top rouw depicts the
ratings that the most stringent rater would assign; the
bottom row the most lenient, The 1left column gives the
corresponding rater reference points for the twWo raterse.
The middle column gives the expected rating <for the low
achieving student; the rightmost column, the expected
ratings for the high achieving student. Both the raters see
the high achieving student much the same; there is only a
10% difference in ratings. But, the low achieving student
is predicted to receive drastically different ratings.
There is a 30% difference in ratings. Predic%ions rather
than observed discrepancies were used in the illustration
because it was the model that was validated in- this
research. ~ Whether discrepancies as large as this occurred

in this data was a chance matter. The model®s predictions

were a better general indicator of the possible magnitude
than coincidental data because the model captured a set of
relationships in‘unole’data setSe

Table 7
Maximup Effect of Rater Leniency on Pradicied
Student Ratings in Cohort 79-80:2
Low Student .High Student
RRP (SAP 497.9)  (SAP 653.7)

Stringent rater (534.9) 35.593 88.27%

Lenient rater _'(452,1) .67.65% 97.81%
~ In spite of the conslstency, strength)”éhd‘coherence of
the results supporting the proposed model found in these
data, these ¢éata Were limited. - Only one setting, an
internal medicine -clerkship was' represented. ' Only one

rating inventory.was used. 5till 75 different raters were
involved and 94 different students were rated. It would not

AR
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be prudent to conclude that the proposed model wWill fit
every conceivable performance rating setting. Neither would
it be reasonable to ignore the strength of the results from
these 1limited data. Thare are too many commonalities
betueen these data and many others not to expect that this
model may prove very useful in a wide variety of settings
and contexts. :

Extrapolating optimistically from these early,
promising results, a number of useful possibilities occur to
us. Our model might meet Meskauskas and WNorcini“s (198Q0)
requirenents for a methodology for "handicapping' judges in
both standards setting and parformance assessment procedures
better than do Stanley”s (1961) methodse. Qur results
suggest that in some settings rater leniency may not be
sufficiently stable to use Stanley’s methods. However,
becavse our model can be applied to incomplete data sets, it
provides a means of "adjusting™ judges” ratings on the bases
of their current behavior rather than on their past ratingse.

An intriguing possibility is the application of our
model to the problem ¢f assessing the test items 1n a large
item bank. Some test item banks now have thousands of itexns
in them. But, these items are not egually relevant to the
objectives of specific training programs which may use these
test ditem banks. Our wmodel would permit a more uniform

" standard to be applied in Jjudging the difficulty or

~relevance of items in the item bank while reducing the
extent to which redundant Judgements were required. Far
example, our model wmight permit 3udges to consider only
slightly overlapping subsets of 1itens while applying
Angoff“s  f1971) or a similar standards setting method. . The
Judges” judgements could be calibrated through the common
items that they judged. This would permit a small number of
judges (e.g., the facuity in a department) to evaluate a
larger 1item bank without either taking years or imposing an
unrealistic burden on the individuals.

Cur model provides a technique whereby it would be
possibhle to “track'" the rating performance of individual
raters and provide ther with feedback on how their ratings
compared with other raters in settings where not all raters
rate all subjectse This might even be wuseful in. settings
where raters had been trained to a very high level of skill
so that only few raters would rate each subject. S0 long as
there Were adequate_overlaps in the ratings, the model would
provide a way of monitoring raters that was nhon-intrusive
and 1inexpensive since it requires only their routine rating
data. ) ' s

There are at least two general uays in which our model
may prove to be of  research interest. First, the model
itself, in so far as it is a simplification of a somewhat
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more elaborate theory, deserves inveg%jgation. Perhaps
incorporation of differential rater sensj®ivity, an explicit
representation of problem or situation gdfficulty, or other
elaborations of the proposed model wouly 1egd to further
improvements in ratings-based measurfeg o0f cComplex human
performance. However, such elaboratipg@s yould involve
adding paranreters and this would <t auite wmore nearly
comp lete data sets if useful estimates -Of (he parameters
were to be achievable. In spite of tbBe success of the
simpiifjed mocel in fittiny and explainiyg the relationships
in these data, the model is a gross sigPlifjcation of even
the rudimentary performance rating thgOty that we have
proposed.

Second, the proposed model may be yg2fyl 3s an analytic
method in research involving complex jttyah performance &s
either a criterion or predictor wvariapZe, With notable
exeptions such as Sheehan, Husted, Capdeer Cook, and
Bargen®s (1980) report, prior invesydgatjons of the
relationships between complex performancg varjables (such as
clinical perforzance) and variables pj@ssured by more
reliable metltods (such as objectively Scotyd aptitude and
achievement tests) have found anly very ,Odes¢ Celationships
or none at all. This may have arisen in Part pecause of the
relatively low reliability and/or validi,y¥ of the available
ratings-based measures of complex perforpAnce, The proposed
model may have a substantial contributioy to pzke to these
investigations by providing a way to gg¢% pOre nearly valid
and highly reliable measures of compley pegfPrmance than
have been available in the past, Thlg prospect 1is
especially exciting for those areas of pebfgoCmance where
there are already large but dirty and jfitonplete data sets
availsble and/or those areas which, for gractical reasons,

-may be unable to concurrently prodyc2 hgth clean  and
complete data sets regardless of the resguitces available.

While it is desirable that the judgeMents ©f individual
judges be made as reliable and valid ag s poSsible, there
will almost certainly always be more jSsesgment programs
that generate incomplete, dirty data Sets than complete,
clean ones. 1Tke model uwe have presenteq bhere shows real
promise for improving the quality P2t ¢he assessment
information that may be extracted wundey thgse less than
ideal and unfortunately common circumstapfuss
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